Abstract: Fused deposition modeling (FDM) additive manufacturing has been intensively used for many industrial applications due to its attractive advantages over traditional manufacturing processes. The process parameters used in FDM have significant influence on the part quality and its properties. This process produces the plastic part through complex mechanisms and it involves complex relationships between the manufacturing conditions and the quality of the processed part. In the present study, the influence of multi-level manufacturing parameters on the temperature-dependent dynamic mechanical properties of FDM processed parts was investigated using IV-optimality response surface methodology (RSM) and multilayer feed-forward neural networks (MFNNs). The process parameters considered for optimization and investigation are slice thickness, raster to raster air gap, deposition angle, part print direction, bead width, and number of perimeters. Storage compliance and loss compliance were considered as response variables. The effect of each process parameter was investigated using developed regression models and multiple regression analysis. The surface characteristics are studied using scanning electron microscope (SEM). Furthermore, performance of optimum conditions was determined and validated by conducting confirmation experiment. The comparison between the experimental values and the predicted values by IV-Optimal RSM and MFNN was conducted for each experimental run and results indicate that the MFNN provides better predictions than IV-Optimal RSM.
Introduction
Fused deposition modelling (FDM) process is one of the most widespread additive manufacturing processes developed by Stratasys that produces three-dimensional (3D) objects by depositing successive cross-sections from feedstock plastic filament [1] . This process begins by designing 3D computer aided design (CAD) model and exporting it into stereolithography (STL) file. Then STL file is imported into the FDM pre-processing software to slice it and create support structures and to set-up the tool path parameters. This process extrudes the plastic filament through a nozzle to form the bottom layer of a part in a controlled way, one layer at a time. The nozzle head moves in both the X-and Y-axis direction [2] . This process continues until all layers of the part have been completed. The support structures for this process are water-soluble and can be removed manually or by dissolving products are specified by their reliability, functionality and durability [1] . During their use, the FDM manufactured components are repeatedly subjected to different cyclic loading and thermal conditions, which results in increased deformation rates, a change in geometry, and finally failure of product. Because of their importance in industrial applications, it is well worth studying temperature-dependent dynamic mechanical performance of FDM fabricated part from various perspectives. Hence, a wider use of FDM process requires a better understanding of the relationship between the printing conditions and temperature-dependent dynamic mechanical properties and deformation of processed part, which are important for engineering applications.
Recently, a number of experimental studies have been done to optimize the static mechanical properties, surface roughness, dimensional accuracy, and processing time of FDM made parts by selecting a range of proper deposition conditions. For example, Wu et al. [8] studied the effect of Layer thickness and raster angle on the mechanical performance of polyether-ether-ketone (PEEK) samples processed by FDM process. They reported that raster angle and layer thickness have a significant impact on tensile, compressive and bending strength. Murphy et al. [9] developed a novel microcrystalline cellulose (MCC) reinforced polylactic acid (PLA) for FDM applications. They studied the effect of cellulose content on the thermal and dynamic mechanical properties of the biocomposites. Dynamic mechanical analysis results reveal an increase in storage modulus when compared with neat PLA. Mohamed et al. [10] characterized the dynamic mechanical properties of FDM printed samples. The results showed that slice thickness, air gap and number of contours have a marked effect on the part performance. Zou et al. [11] investigated the effect of build orientation on mechanical property. This study concluded that 3D printed materials behave with anisotropic property due to the layer by layer process used in 3D printing technology. Biranchi et al. [12] demonstrated that the slice height and extrusion velocity have great effect on the deformation, while filling velocity and line width compensation have strong effect on the dimensional accuracy of FDM built part. Wendt et al. [13] studied the impact of manufacturing conditions on the tensile and compression strength of FDM processed prototypes. Lanzotti et al. [14] carried out an experimental study on the effect of process parameters on tensile strength of FDM fabricated part by PLA. The results indicated that infill orientation, layer thickness and perimeters have significant impact on the part strength. Rayegani and Onwubolu [15] established relationships between FDM parameters and tensile strength using designed experiment. It was found that the optimum process settings to improve the mechanical properties are negative air gap, small raster road and zero build orientation. Wang et al. [16] reported that the mechanical properties of carbon fiber-reinforced plastic composites are mainly affected by the manufacturing conditions. Impens and Urbanic [17] examined the effect of post-processing parameters on tensile and compression strengths. The study concluded that the part orientation is the most influential factor on the tensile and compression strengths. Ertan [18] investigated the influence of process conditions such as raster angle and build orientation on the mechanical performance and surface roughness of processed parts through FDM. The study revealed that the build orientation is the most significant factor than the raster angle which affects the mechanical properties and surface roughness.
Unfortunately, to date, within the body of available literature, no published studies have investigated the impact of FDM extrusion parameters on temperature-dependent dynamic mechanical properties and deformation behavior of FDM processed parts. The simultaneous as well as individual effect of various fabrication conditions on temperature-dependent dynamic mechanical properties of FDM printed parts is not developed yet. The main reason for the lack of such studies is that experimental techniques for complete characterization of temperature-dependent dynamic mechanical properties are relatively time-consuming. Hence, the aim of this study is to investigate, examine and optimize the FDM printing parameters to improve temperature-dependent dynamic mechanical properties (i.e., storage compliance and loss compliance) of FDM processed PC-ABS parts using response surface methodology (RSM) and multilayer feed-forward neural networks (MFNNs). The IV-optimality response surface design was used to quantify and justify the correlation between the input printing parameters and temperature-dependent dynamic mechanical properties. Subsequently, analysis of variance (ANOVA) technique was employed to test the significance of the printing variables and the developed regression models. The MFNN was applied to predict the storage compliance and loss compliance of the processed part by FDM, as well as to determine the optimal setting of the parameters to achieve minimum storage compliance and loss compliance. Furthermore, failure analysis was analyzed using SEM images. Finally, process parameter optimization was conducted to find optimal printing conditions.
Experimental Producers

Experimental Work
DMA tests were carried out using a TA Instruments Model 2980 DMA instrument (TA Instruments, New Castle, DE, USA). In this study, 60 specimens of standard geometry of 35 mm in length, 12.5 mm in width, and 3.5 mm in thickness were prepared as per the standard ASTM D4065-01 [19] and also according to the testing procedure specified by the main manufacturer of thermal analysis and rheology instrument (TA Instruments) [20] . Before beginning the tests, the DMA instrument was calibrated using standard specimen (steel compliance calibration beam) based on recommended procedure as specified by DMA machine manufacturer in order to eliminate any clamping impact and effect of DMA instrument compliance. All 60 samples were fabricated by FDM Fortus 400 system (Stratasys, Eden Prairie, MN, USA).
In DMA test, the specimen is mounted in place between the movable and stationary grips (single cantilever configuration). Then, the specimen is placed inside the thermal chamber (furnace) and the periodic dynamic force is applied to the specimen in the moveable clamp which moves slowly over the specified temperature range from 35 to 170 • C. The PC-ABS specimens were heated at a rate of 5 • C/min. A fixed frequency of 1 Hz and displacement amplitude of 15 µm were used for all tests. All tests were carried out in the air atmosphere. Typically, soak time of 300 s is used to ensure that the specimen has reached its thermal equilibrium prior to the sinusoidal load is applied. In this experiment, two types of temperature-dependent dynamic mechanical properties, namely storage compliance (J') and loss compliance (J") of FDM processed samples were measured, analyzed and investigated. The temperature-dependent dynamic mechanical properties of samples processed by FDM technology depend on various factors such as slice thickness, raster to raster air gap, deposition angle, part print direction, bead width, and number of perimeters. All the reported values of storage compliance and loss compliance in this study were calculated as an average from a set of tested specimens for each experimental run as per experimental matrix presented in Table 1 . Thermal Advantage software for 2980 DMA instrument is used to manage and analyze the data collected from experiments. 
Experimental Design
Response surface methodology (RSM) is an empirical modeling techniques used to explore the relationships between dependent variables and independent variables [21] . In order to establish functional relationships between the printing parameters involved and temperature-dependent dynamic mechanical properties (storage compliance and loss compliance), the experimental plan was carried out based on IV-optimality criterion. "IV" denotes the Integrated Variance over the entire design space. IV-optimality criterion (also known as I-, Q-, and V-optimality) is a class of response surface designs recommend to generate RSM when the main purpose is to find the optimal process conditions and to model the true behavior of the response with greater precision [22] . This is because IV-optimality criterion and its algorithm picks design points that provide minimum integral variance of the prediction across the region of interest. The IV-optimality criterion algorithm proposed 38 experimental runs, consisting of 28 runs of the model points, 5 runs to estimate lack-of-fit and 5 replicates design points, for the 6 printing parameters at different levels. The IV-optimality matrix was augmented with additional design points (22 runs) to check the curvature in the center of the factor region and to reduce the prediction error and to develop regression models with better accuracy of prediction. Table 1 shows the FDM process variable investigated in this study. The printing parameters and their levels are selected based on the past literature and the specifications of the FDM printer manufacturer (Stratasys). The augmented experimental design matrix along with the measured storage compliance and loss compliance is presented in Table 2 . Figure 1 shows schematic representation process parameters. process conditions and to model the true behavior of the response with greater precision [22] . This is because IV-optimality criterion and its algorithm picks design points that provide minimum integral variance of the prediction across the region of interest. The IV-optimality criterion algorithm proposed 38 experimental runs, consisting of 28 runs of the model points, 5 runs to estimate lack-of-fit and 5 replicates design points, for the 6 printing parameters at different levels. The IV-optimality matrix was augmented with additional design points (22 runs) to check the curvature in the center of the factor region and to reduce the prediction error and to develop regression models with better accuracy of prediction. Table 1 shows the FDM process variable investigated in this study.
The printing parameters and their levels are selected based on the past literature and the specifications of the FDM printer manufacturer (Stratasys). The augmented experimental design matrix along with the measured storage compliance and loss compliance is presented in Table 2 . Figure 1 shows schematic representation process parameters. Table 2 . IV-Optimal design plan and measured temperature-dependent mechanical properties. "S." means "sequence".
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Results and Discussion
Multiple Regression Analysis
Multiple regression analysis was done based on backward elimination technique. Regression procedure systematically starts with all model variables and then removes the least significant variable (terms with p > 0.1) during each step. Backward elimination technique is considered to be the most robust technique for model term reduction as it gives a chance for all model terms to be included in the developed model. The end results from the backward elimination multiple regression analysis is a high-level fitting model for the experimental data with smaller variance than the full model using all variables. In the present study, the quadratic model is used for storage compliance and loss compliance as expressed in Equation (1).
Y is the dependent variable (response), β 0 is the intercept of the regression model, β i is the coefficient of the linear terms, β ij is the coefficient for interaction terms, β ii is the quadratic term of each predictor, X i and X j are the coded independent predictors, and ε is the variance. The response function representing the output response can be expressed as in Equation (2):
where: X 1 , X 2 , X 3 , X 4 , X 5 , and X 6 are slice thickness, raster to raster air gap, deposition angle, part print direction, bead width and number of perimeters, respectively, and ε is the experimental error. The quadratic model was fitted with the experimental data obtained on the basis of IV-Optimal design. The final IV-Optimal RSM models in terms of actual factors were developed and given below: 
Loss compliance = − 46242.04 − 3.264 × 10 5 X 1 + 64709.869X 2 +202.814 X 3 − 172.091 X 4 + 5.587 × 10 5 X 5 + 79.380 X 6 +28516.246 Figure 2 shows the multiple regression analysis for the storage compliance. This figure reports that the developed regression model for storage compliance is statistically significant with a p value less than 0.001 and has an R 2 value of 84.38%. The results also indicate which factors were included in the model. It can be seen that slice thickness, raster to raster air gap, part print direction, bead width and number of perimeters were included in the developed model to estimate the curvature and their interaction terms. The regression results presented in Figure 2 also show the details about the incremental impact of variables on storage compliance model and the factors contributed to increase the prediction capability of the developed model. Slice thickness, raster to raster air gap, and the number of perimeters are the most significant factors in the developed model, followed by part print direction and bead width. Furthermore, Figure 2 shows the predictive ability of the developed model. The higher values indicate better single predictors of storage compliance. Although deposition angle is a not significant factor, it was included in the model as this variable can improve the predictive capability of the model. Figure 3 illustrates the stepwise regression analysis for the loss compliance. It is clear from this figure that the developed model for the loss compliance is significant as the p value is less than 0.001 and the model has an R 2 value of 91.13%. These results indicate that all variables have significant effect on the loss compliance. The most influential factors are raster to raster air gap, slice thickness and number of perimeters, followed by part print direction, deposition angle and bead width. It can also be seen from this figure that raster to raster air gap, number of perimeters and slice thickness are the most important factors that contribute to improve the predictive capability of the developed model in a linear relationship (as can be seen in the green bars). The deposition angle has a strong effect on optimizing the predictive capability of the model as a quadratic term (as can be seen in yellow bar). Therefore, all variables are included in the developed model.
Figures 4 and 5 show the residual analysis plots for both storage compliance and loss compliance, respectively. From these figures, it can be seen that the experimental data points follow the straight line, demonstrating that the residuals have a normal distribution. These plots demonstrate that the residuals show a linear pattern, which means the predicted values are well fitted with the actual values. The figures also show that the points are falling randomly on the both sides of zero, suggesting that there are no unusual points that have influence on the response during the experiment. in the model. It can be seen that slice thickness, raster to raster air gap, part print direction, bead width and number of perimeters were included in the developed model to estimate the curvature and their interaction terms. The regression results presented in Figure 2 also show the details about the incremental impact of variables on storage compliance model and the factors contributed to increase the prediction capability of the developed model. Slice thickness, raster to raster air gap, and the number of perimeters are the most significant factors in the developed model, followed by part print direction and bead width. Furthermore, Figure 2 shows the predictive ability of the developed model. The higher values indicate better single predictors of storage compliance. Although deposition angle is a not significant factor, it was included in the model as this variable can improve the predictive capability of the model. Figure 3 illustrates the stepwise regression analysis for the loss compliance. It is clear from this figure that the developed model for the loss compliance is significant as the p value is less than 0.001 and the model has an R 2 value of 91.13%. These results indicate that all variables have significant effect on the loss compliance. The most influential factors are raster to raster air gap, slice thickness and number of perimeters, followed by part print direction, deposition angle and bead width. It can also be seen from this figure that raster to raster air gap, number of perimeters and slice thickness are the most important factors that contribute to improve the predictive capability of the developed model in a linear relationship (as can be seen in the green bars). The deposition angle has a strong effect on optimizing the predictive capability of the model as a quadratic term (as can be seen in yellow bar). Therefore, all variables are included in the developed model. Figures 4 and 5 show the residual analysis plots for both storage compliance and loss compliance, respectively. From these figures, it can be seen that the experimental data points follow the straight line, demonstrating that the residuals have a normal distribution. These plots demonstrate that the residuals show a linear pattern, which means the predicted values are well fitted with the actual values. The figures also show that the points are falling randomly on the both sides of zero, suggesting that there are no unusual points that have influence on the response during the experiment. 
Influence of Processing Parameters on Storage Compliance and Loss Compliance
The effects of each single process parameter on storage compliance (J') and loss compliance (J") were investigated. Results indicate that storage compliance and loss compliance greatly depend on all the investigated parameters. Main effect plot is used to compare the effect of all parameters at particular points of the design space. Main effect plots are presented in Figure 6a ,b for the six processing parameters at the central point of the design space. A steep slope shows that storage compliance and loss compliance are sensitive to changes in that variable, while a relatively flat line shows insensitivity. It can also be seen from Figure 6a ,b that there are high curvatures in the responses in relation to the process parameters. This helps to pick up the optimal setting of the factor, which is the benefit of having many levels of each variable and this is why IV-Optimal design is optimal. It is evident from Figure 6a ,b that slice thickness is one of the factors that have the greatest influence on dynamic compliance. With the increase in slice thickness, a remarkable nonlinear reduction in storage compliance and loss compliance was observed up to a certain level of slice thickness (0.2540 mm). This is because the lower setting of slice thickness increases the number of layers, which are necessary to print the final product. This can increase the micro-voids formation between two layers at the interface of the molten layers. This creates air entrapment, thereby increase porosity. It can be seen from Figure 6a ,b, the slice thickness of 0.2540 mm provides the minimum values of dynamic compliance. However the further increase in slice thickness would tend to increase in the storage compliance and loss compliance. The reason behind this increase in the storage compliance and loss compliance between 0.2540 to 0.3302 mm is that higher values of slices create thick rasters and layers, which cannot fill up the small sub perimeter voids; hence porosity increases in the interior regions of the part. Furthermore, the stair-stepping effect increases with the increase in slice thickness, which leads to brittle structure of the printed part due to unfilled space formed. Therefore, the value of 0.2540 mm for slice thickness provides uniform thick rasters and layers. Thus, the processed part with slice thickness of 0.2540 mm tends to be more flexible and stiff to the applied load. 
The effects of each single process parameter on storage compliance (J') and loss compliance (J'') were investigated. Results indicate that storage compliance and loss compliance greatly depend on all the investigated parameters. Main effect plot is used to compare the effect of all parameters at particular points of the design space. Main effect plots are presented in Figure 6a ,b for the six processing parameters at the central point of the design space. A steep slope shows that storage compliance and loss compliance are sensitive to changes in that variable, while a relatively flat line shows insensitivity. It can also be seen from Figure 6a ,b that there are high curvatures in the responses in relation to the process parameters. This helps to pick up the optimal setting of the factor, which is the benefit of having many levels of each variable and this is why IV-Optimal design is optimal. It is evident from Figure 6a ,b that slice thickness is one of the factors that have the greatest influence on dynamic compliance. With the increase in slice thickness, a remarkable nonlinear reduction in storage compliance and loss compliance was observed up to a certain level of slice thickness (0.2540 mm). This is because the lower setting of slice thickness increases the number of layers, which are necessary to print the final product. This can increase the micro-voids formation between two layers at the interface of the molten layers. This creates air entrapment, thereby increase porosity. It can be seen from Figure 6a ,b, the slice thickness of 0.2540 mm provides the minimum values of dynamic compliance. However the further increase in slice thickness would tend to increase in the storage compliance and loss compliance. The reason behind this increase in the storage compliance and loss compliance between 0.2540 to 0.3302 mm is that higher values of slices create thick rasters and layers, which cannot fill up the small sub perimeter voids; hence porosity increases in the interior regions of the part. Furthermore, the stair-stepping effect increases with the increase in slice thickness, which leads to brittle structure of the printed part due to unfilled space formed. Therefore, the value of 0.2540 mm for slice thickness provides uniform thick rasters and layers. Thus, the processed part with slice thickness of 0.2540 mm tends to be more flexible and stiff to the applied load. The effect of raster to raster air gap is significant on either storage or loss compliance of the printed part. The storage compliance or loss compliance was observed to systematically increase with increasing raster to raster air gap (see Figure 6a,b) . This result is expected because zero raster to raster air gap creates a slight overfill of the part and increases its resistance to the deformation under The effect of raster to raster air gap is significant on either storage or loss compliance of the printed part. The storage compliance or loss compliance was observed to systematically increase with increasing raster to raster air gap (see Figure 6a,b) . This result is expected because zero raster to raster air gap creates a slight overfill of the part and increases its resistance to the deformation under cyclic loading conditions. However, zero raster to raster air gap has a consequential effect on the product aesthetics because of overfilling at stacked regions which results in uneven layer, and thus undesirable quality of the surface. While, if the positive value of raster to raster air gap is used then there would be spacing between rasters, hence it will create a more aesthetically pleasing part and reduce build time and material consumption, but the storage or loss compliances get increased. As a result, the processed part with the positive value of raster to raster air gap tends to be weaker and it may not recover its pristine dimension and position thoroughly after the dynamic force is released. Deposition angle has a marginal effect on the storage compliance, but it has a noticeable influence on the loss compliance. As it is shown in Figure 6a ,b, by increasing the value of deposition angle from 0 • to 45 • , the mean of the storage compliance increased slightly, but significant increase in loss compliance was observed. On further increase of deposition angle beyond 45 • , either storage compliance or loss compliance of FDM processed part starts decreasing. This is due to the fact that deposition angle of 45 • increases the number of rasters compared to the deposition angles of 0 • and 90 • . Many input rasters tend to promote stress accumulation along the direction of the material deposition, leading to more distorted structure of the processed part responsible for weaker layer bonds. According to ES-Said et al. [23] , the anisotropy properties in FDM processed part are produced by the polymer molecules align themselves with the direction of flow, creation of pores in part microstructure and weak interlayer bonding. For a better illustration of the effect of different deposition angles on the part properties and performance, Figure 7 shows three different specimens processed with two deposition angles (0 • and 90 • ) and subject to bending load. It is clear from Figure 7 that the bending load requires to fracture longer polymer chains in case of using 0 • deposition angle. However, it requires breaking shorter fibers in case of using 0 • , as the fracture in this case occurs at the interfacial regions of a bonded rasters. Thus, the processed part with 90 • of deposition angle can fail at early stages of applying cyclic loading. Therefore, it can be concluded that the processed part with deposition angle of 0 • is stronger than other parts processed with deposition angles of 45 • and 90 • . This is a useful conclusion which will help additive manufacturing practitioners in understanding the effect mechanism of deposition angle and creating optimal process planning.
Part print direction has a marginal influence on the dynamic compliance as shown in Figure 6a ,b. As shown in Figure 6a ,b, storage compliance increases up to 45 • print direction and then decreases with an increase in print direction. However, loss compliance decreases linearly with the increase in print direction. It is clear that the longest length of the sample oriented towards Y-axis exhibits the lowest (with higher mechanical properties) values of storage compliance and loss compliance. This is because in Y-axis, by 90 • the polymeric chains are oriented forming at 90 • on the longest length of the sample with adhesive deposition orientation and tie chains are oriented parallel to the bending load applied on the specimen, creating a stronger part strength to the deformation [8] . Figure 6a ,b also illustrates the point that there are conflicting influences of bead width on storage compliance and loss compliance, as the minimum value of storage compliance is obtained using center value of bead width, while the minimum value of loss compliance can be obtained at lower value of bead width (0.4572 mm). The storage compliance can be improved with 0.52 mm of bead width as it provides thick ratsers and provides uniform temperature gradients throughout the fabrication process and hence the processed sample tends to have the highest maximum stored elastic energy. While improved loss compliance is possible with using the lowest bead width value (0.4572) as it provides thinner roads and rasters, which covers up the unfilled regions of the part curves and leads to more ductile sample to energy dissipated. Number of perimeters has a large effect on both storage compliance and loss compliance (see Figure 6a,b) . Number of perimeters fills the part curves with outer and inner contours with internal raster fills. It can be seen from Figure 6a ,b that the storage compliance and loss compliance can be improved significantly by setting the maximum number of perimeters (10 perimeters). The number of perimeters improves the storage compliance and loss compliance respectively in several ways: (i) the maximum number of perimeters (10 perimeters) minimizes the number of built rasters and reduces the rasters length. Thus, it eliminates voids and unfilled regions of the part curves; (ii) The maximum number of perimeters (10 perimeters) produces stronger perimeter part walls and solid filled regions of the part curves, resulting in the overall high density and increase in the deformation resistance of the built part; (iii) By increasing the number of perimeters, more cyclic loads can be carried over by polymeric chains, and it distributes the loads on wider area along the longitudinal and transverse axis instead of carrying the applied loads by part rasters, resulting in avoidance of premature breakdown of processed parts under cyclic loading conditions. density and increase in the deformation resistance of the built part; (iii) By increasing the number of perimeters, more cyclic loads can be carried over by polymeric chains, and it distributes the loads on wider area along the longitudinal and transverse axis instead of carrying the applied loads by part rasters, resulting in avoidance of premature breakdown of processed parts under cyclic loading conditions. 
Interaction Effects
The interaction effects as presented in Figure 8 provide us more insight into the influence of the processing parameters on the storage compliance and loss compliance. The interactions effect between raster to raster air gap and the number of perimeters are found to be interesting. As discussed earlier the positive value of raster to raster air gap makes the part weaker than zero raster to raster air gap. However, it appears from Figure 8 that the storage compliance and loss compliance can also be improved using positive value of raster to raster air gap but with combination of maximum number of perimeters (10 perimeters). These combinations of two parameters not only improve the storage compliance and loss compliance, but also reduce the production time and material consumption, as the positive value of raster to raster air speed up the manufacturing process. Therefore, the additive manufacturing users can now use this optimal combination of 
The interaction effects as presented in Figure 8 provide us more insight into the influence of the processing parameters on the storage compliance and loss compliance. The interactions effect between raster to raster air gap and the number of perimeters are found to be interesting. As discussed earlier the positive value of raster to raster air gap makes the part weaker than zero raster to raster air gap. However, it appears from Figure 8 that the storage compliance and loss compliance can also be improved using positive value of raster to raster air gap but with combination of maximum number of perimeters (10 perimeters). These combinations of two parameters not only improve the storage compliance and loss compliance, but also reduce the production time and material consumption, as the positive value of raster to raster air speed up the manufacturing process. Therefore, the additive manufacturing users can now use this optimal combination of parameters to produce multifunctional products. Another useful interaction effect was between the deposition angle and slice thickness where, deposition angle having a more significant effect on loss compliance (see Figure 9 ). This suggests that the smaller deposition angle and slice thickness near 0.2540 mm value are the optimal combinations for both the storage compliance and the loss compliance, while being more sensitive to the loss compliance. All of these results give us insight of the practical aspects of FDM printing process, as well as the physical phenomena involved behind the effect of such processing conditions on the temperature-dependent dynamic mechanical properties.
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Morphology
The scanning electron microscopy (SEM) observations further provide supporting evidence of trends mentioned in the previous section. SEM (ZEISS SUPRA 40VP FESEM, Carl Zeiss Microscopy, LLC, Oberkochen, Germany) is used to examine and characterize the morphology and microstructure of failed FDM specimens. The specimens were prepared by mounting them on metal stubs and then gold sputter-coated for 60 s prior to SEM viewing, imaging and taking pictures at various magnifications. The SEM micrographs of samples fabricated at a relatively low slice thicknesses (0.127 and 0.1778 mm) are shown in Figure 10a ,b respectively. According the results presented in Figure 10a , the sample processed with slice thickness of 0.127 mm can show surface defects such as voids, lamellar tearing, and delamination. While results presented in Figure 10b confirms that by increasing the value of slice thickness from 0.127 to 0.1778 mm, a visible improvement in the sample surface and structure cab be observed with minimum voids and without too much lamellar tearing and delamination. These results are in agreement with the results presented in the main effect plots in Figure 6a ,b. Figure 10c shows the sample fabricated with a single perimeter (1 perimeter), while Figure 10d shows the micrographs of the surfaces of PC-ABS specimen, which was fabricated with maximum number of perimeters (10 perimeters) along with a fixed level of other parameters. After comparing the micrographs between Figure 10c for specimen fabricated with a single perimeter and Figure 10d for specimen fabricated with 10 perimeters, a visible difference in the part structure can be observed. The sample printed with 10 perimeters showed high density, indicating more dense regions. As a consequence, the presence of the maximum number of perimeters in the samples resulted in stronger microstructure and more rigid sample to the deformation. The specimen processed with a single perimeter presented weaker bonded rasters and pores and delamination structure as shown in Figure 10c , because a single perimeter pass may leave an air gap because of increasing the number of rasters, particularly if the perimeter width is not large enough for a raster fill. Thus, the samples fabricated with a single perimeter breaks easily and reduce its deformation strength to the bending load. 
Modeling with Multilayer Feed-Forward Neural Network (MFNN)
Artificial neural network (ANN) is a computational technique inspired by the function of a biological network used to solve complex and nonlinear problems in various applications [24] . The construction of an ANN consists of input layer, hidden layer and output layer. In this study, a 
Artificial neural network (ANN) is a computational technique inspired by the function of a biological network used to solve complex and nonlinear problems in various applications [24] . The construction of an ANN consists of input layer, hidden layer and output layer. In this study, a multilayer feed-forward neural network (MFNN) model was developed using layered feed-forward ANNs namely, multilayer perceptron (MLP) with sigmoidal function. In MLP, the neurons are structured in layers, and send the signals "forward". The value of errors is then propagated backwards through the network by neurons in the input layer [25] . This error signal is used to adjust the values of weight coefficients, and the output of the network is then given through the neurons on an output layer. The first step in this type of ANN modeling is to optimize the neural network to obtain ANN architecture with minimal errors and dimension in data training and testing. The experimental data obtained though the IV-optimality RSM was used to build effective ANN models and to feed the network in order to train it. In this study, the neural network architecture used is presented in Figure 11 . This form of the neural network architecture has six inputs (slice thickness, raster to raster air gap, deposition angle, part print direction, bead width and number of perimeters) and two outputs (storage compliance and loss compliance). In the present study, the optimum number of 14 neurons in hidden layers was selected upon maximizing R 2 and minimizing the difference between predicted values by ANN model and the actual values. The k-fold method is used as a cross validation method with total number of 5 folds [26] . In the training of ANN, k-fold cross validation method is used to make the result more reliable. In k-fold cross validation method, a part of experimental data is used for training ANN network to estimate model parameters, while other experimental data those were not included in the training process were used to assess the predictive capability (hidden data) of the model. The MFNN described in this study is used to predict the storage compliance and loss compliance of the processed part by FDM, as well as to determine the optimal setting of the parameters to achieve minimum storage compliance and loss compliance. The optimal setting of the parameters is evaluated through desirability function. The goodness of fit between the predicted values obtained by the ANN model and the experimental values were used to check the ANN model performance. It can be observed from Figure 12 that the ANN model is predicting on the experimental data that were not used to train the model, as the predicted values obtained by ANN model are strongly correlated with the experimental values and the ANN model has R 2 value of 96.39% and 95.11% for storage compliance and loss compliance, respectively. multilayer feed-forward neural network (MFNN) model was developed using layered feed-forward ANNs namely, multilayer perceptron (MLP) with sigmoidal function. In MLP, the neurons are structured in layers, and send the signals "forward". The value of errors is then propagated backwards through the network by neurons in the input layer [25] . This error signal is used to adjust the values of weight coefficients, and the output of the network is then given through the neurons on an output layer. The first step in this type of ANN modeling is to optimize the neural network to obtain ANN architecture with minimal errors and dimension in data training and testing. The experimental data obtained though the IV-optimality RSM was used to build effective ANN models and to feed the network in order to train it. In this study, the neural network architecture used is presented in Figure 11 . This form of the neural network architecture has six inputs (slice thickness, raster to raster air gap, deposition angle, part print direction, bead width and number of perimeters) and two outputs (storage compliance and loss compliance). In the present study, the optimum number of 14 neurons in hidden layers was selected upon maximizing R 2 and minimizing the difference between predicted values by ANN model and the actual values. The k-fold method is used as a cross validation method with total number of 5 folds [26] . In the training of ANN, k-fold cross validation method is used to make the result more reliable. In k-fold cross validation method, a part of experimental data is used for training ANN network to estimate model parameters, while other experimental data those were not included in the training process were used to assess the predictive capability (hidden data) of the model. The MFNN described in this study is used to predict the storage compliance and loss compliance of the processed part by FDM, as well as to determine the optimal setting of the parameters to achieve minimum storage compliance and loss compliance. The optimal setting of the parameters is evaluated through desirability function multilayer feed-forward neural network (MFNN) model was developed using layered feed-forward ANNs namely, multilayer perceptron (MLP) with sigmoidal function. In MLP, the neurons are structured in layers, and send the signals "forward". The value of errors is then propagated backwards through the network by neurons in the input layer [25] . This error signal is used to adjust the values of weight coefficients, and the output of the network is then given through the neurons on an output layer. The first step in this type of ANN modeling is to optimize the neural network to obtain ANN architecture with minimal errors and dimension in data training and testing. The experimental data obtained though the IV-optimality RSM was used to build effective ANN models and to feed the network in order to train it. In this study, the neural network architecture used is presented in Figure 11 . This form of the neural network architecture has six inputs (slice thickness, raster to raster air gap, deposition angle, part print direction, bead width and number of perimeters) and two outputs (storage compliance and loss compliance). In the present study, the optimum number of 14 neurons in hidden layers was selected upon maximizing R 2 and minimizing the difference between predicted values by ANN model and the actual values. The k-fold method is used as a cross validation method with total number of 5 folds [26] . In the training of ANN, k-fold cross validation method is used to make the result more reliable. In k-fold cross validation method, a part of experimental data is used for training ANN network to estimate model parameters, while other experimental data those were not included in the training process were used to assess the predictive capability (hidden data) of the model. The MFNN described in this study is used to predict the storage compliance and loss compliance of the processed part by FDM, as well as to determine the optimal setting of the parameters to achieve minimum storage compliance and loss compliance. The optimal setting of the parameters is evaluated through desirability function Comparison between ANN and IV-Optimal RSM Models
The ANN and IV-Optimal RSM based predictive models for the storage compliance and loss compliance were compared with the experimental values in terms of the predictive capability as shown in Figures 13 and 14 . The values obtained by ANN and IV-Optimal RSM are compared for 60 runs of experiments presented in IV-Optimal design matrix. It is clear from Figures 13 and 14 that the variation in predictive values for the storage compliance and loss compliance is very little, but slightly more variations in IV-Optimal RSM models than in the ANN models. A strong correlation between experimental values and predicted values was noticed with maximum prediction error of less than 2%. The ANN models performed slightly better because of the high nonlinearity relationships between the process parameters and storage compliance and loss compliance. However, IV-Optimal RSM models also predict the similar nonlinear relationships between the variables very well. This confirms the applicability of the ANN and IV-Optimal RSM in the prediction and optimization of FDM processing conditions, with the minimum experimental runs at multiple levels of each variable, particularly when compared with traditional experimental designs such as central composite design when the replications of design points is included. Figure 15 illustrates the desirability profiling and optimization with sensitivity indicator for the optimal setting of processing parameters determined through the ANN models. This is useful in case of large parameters with multiple responses to be able to quickly screen the sensitive cells. In order to optimize the process parameters, the following constraints are considered:
The overall desirability has a scale between zero and one (least to most desirable respectively) which can be defined as the geometric mean of the desirabilities obtained for each response. The overall desirability value of "1" signifies the ideal case and a value of "0" represents that one or more responses are outside the acceptable limits. From Figure 15 , it is obvious that the optimum process parameters were found to be slice thickness of 0.2540 mm, zero raster to raster air gap, disposition angle of 0°, part print direction of 40.13°, bead width of 0.4572 mm and 10 perimeters. At this optimum process conditions, storage compliance and loss compliance reduction were found to be 117,867.4 and 52,033.25 µm 2 /N, respectively, with overall desirability value of 0.999451. Confirmation experiment was conducted at this optimum condition and the results obtained from the confirmation experiments are presented in Table 3 . The results clearly indicate that the proposed ANN model and augmented IV-optimality RSM have the modeling competence and prediction accuracy. In addition, the suitability and applicability of the developed models are justified. Comparison between ANN and IV-Optimal RSM Models
The overall desirability has a scale between zero and one (least to most desirable respectively) which can be defined as the geometric mean of the desirabilities obtained for each response. The overall desirability value of "1" signifies the ideal case and a value of "0" represents that one or more responses are outside the acceptable limits. From Figure 15 , it is obvious that the optimum process parameters were found to be slice thickness of 0.2540 mm, zero raster to raster air gap, disposition angle of 0 • , part print direction of 40.13 • , bead width of 0.4572 mm and 10 perimeters. At this optimum process conditions, storage compliance and loss compliance reduction were found to be 117,867.4 and 52,033.25 µm 2 /N, respectively, with overall desirability value of 0.999451. Confirmation experiment was conducted at this optimum condition and the results obtained from the confirmation experiments are presented in Table 3 . The results clearly indicate that the proposed ANN model and augmented IV-optimality RSM have the modeling competence and prediction accuracy. In addition, the suitability and applicability of the developed models are justified. 
Concluding Remarks
This paper has presented an investigation of the impact of the process conditions on the temperature-dependent dynamic mechanical properties of processed PC-ABS parts by FDM technology. FDM process conditions have been found to play a significant role in optimizing the dynamic mechanical properties as a function of temperature. The IV-optimality response surface was used to develop regression models to create functional relationships between input parameters (slice thickness, raster to raster air gap, deposition angle, part print direction, bead width, and number of perimeters) and output variables (storage compliance and loss compliance). Adequacy of the developed models and its respective predictors was validated by the multiple regression analysis along with the statistical graphs and confirmation experiment. Based on the experimental results, the following conclusions are drawn:
• This study has shown for first time that the FDM process conditions have significant influence on the temperature-dependent dynamic mechanical properties of printed PC-ABS parts.
•
This work has proposed an effective approach to improve the dynamic mechanical properties as of the FDM fabricated parts as a function of temperature by accurately selecting suitable multi-level process parameters with less number of experiments compared to the traditional response surface designs such as central composite design and face centered composite design when considering the replication of design points.
The IV-optimality response surface design was found to be an efficient and effective design in process optimization involving many parameters with multiple levels.
Although MFNN performed slightly better, the IV-Optimal RSM was also found to be a promising design in prediction performance, where good agreement between IV-Optimal RSM models, MFNN models and experimental results was observed.
• It has been observed that storage compliance is more sensitive to slice thickness, raster to raster air gap, and the number of perimeters followed by part print direction and bead width. However, the deposition angle is less effective.
• It has been found that loss compliance is significantly affected by the variables. However, raster to raster air gap, slice thickness and number of perimeters are found to be the most influential variables.
All parameters can be used effectively for improvement in the dynamic mechanical properties as a function of temperature. The anisotropic behavior of FDM built part was mainly caused by interlayer porosity and weak interlayer bonding.
Based on multi-response optimization process, slice thickness of 0.2540 mm, no raster to raster air gap, disposition angle of 0 • , part print direction of 40.13 • , bead width of 0.4572 mm and 10 perimeters seem to be the favourable values to improve the temperature-dependent dynamic mechanical properties of the parts printed by FDM.
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